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# 진단평가
1) 강화학습이란?

2) 에이전트란?

3) 환경이란?

4) 보상이란?

5) 관찰결과란? 관찰결과의역할은?

Overview
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# 진단평가
1) MDP의다섯가지요소는?

2) 가치함수란? 필요한이유는?

3) 정책이란?

4) 벨만기대방정식은? 의미는?

5) 큐함수란?

6) 최적의가치함수는어떻게구할까? 필요한이유는?

RL Basics
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# 진단평가
1) 동적프로그래밍이란? 장점은?

2) 동적프로그래밍으로풀고자하는문제는?

3) 가치함수가업데이트되는과정을설명할수있는가?

4) 정책이터레이션이란? 정책평가와정책발전은각각무엇을
의미하는가?

5) 정책이터레이션과가치이터레이션의차이는?

6) 동적프로그래밍의한계는?

Dynamic Programming
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# 진단평가
1) 예측과제어에대해서설명하시오
2) 몬테카를로예측이란? 문제점은?

3) 시간차예측이란? 문제점은?

4) 살사란? 문제점은?

5) 큐러닝이란? 문제점은?

Q-Learning
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•동적프로그래밍의한계

Deep Reinforcement Learning

1. 몬테카를로, 살사, 큐러닝의한계?

(1) 계산복잡도 (i.e. 5x5 그리드월드가아니라 nxn이라면?)

(2) 차원의저주 (i.e. 그리드월드처럼 2차원이아니라 n차원이라면?)

(3) 환경에대한완벽한정보를알아야한다 (우리는실제로세상을탑뷰로
바라보며모든환경에대한정보를인지하고있는가?)
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•동적프로그래밍의한계

•위의세방법은동적프로그래밍에서발생하는문제중 (3)은해결
하였지만 (1), (2) 는해결하지못했음

•왜냐하면테이블형식을사용하기때문

Deep Reinforcement Learning

1. 몬테카를로, 살사, 큐러닝의한계?

(1) 계산복잡도 (i.e. 5x5 그리드월드가아니라 nxn이라면?)

(2) 차원의저주 (i.e. 그리드월드처럼 2차원이아니라 n차원이라면?)

(3) 환경에대한완벽한정보를알아야한다 (우리는실제로세상을탑뷰로
바라보며모든환경에대한정보를인지하고있는가?)
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•예를들어, 아래의그리드월드는상태가 25가지, 할수있는
행동은 5가지이다(제자리에있기추가). 그러면모든상태의갯수는
25x5 = 125개임. 그런데만약장애물(귀신)이움직인다면?

Deep Reinforcement Learning

1. 몬테카를로, 살사, 큐러닝의한계?

ଶ ଷ ସ ହ

଻ ଼ ଽ ଵ଴଺

ଵଶ ଵଷ ଵସ ଵହଵଵ

ଵ଻ ଵ଼ ଵଽ ଶ଴ଵ଺

ଶଶ ଶଷ ଶସଶଵ
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•앞에서배운고전강화학습알고리즘은상태가적은경우에만
적용이가능함.

•그렇다면이문제를어떻게해결할수있을까?

Deep Reinforcement Learning

1. 몬테카를로, 살사, 큐러닝의한계?



12

(1) 근사화?

Deep Reinforcement Learning

2. 큐함수의매개변수화 & 근사화

https://riptutorial.com/ko/matlab/example/23720/%EB%8B%A4%ED%95%AD%EC%8B%9D%EB%B3%B4%EA%B0%84%EB%B2%95
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(2) 매개변수화?

매개변수들만으로도기존의데이터를대체할수있음
따라서기존의테이블형식을사용하지않고큐함수를근사화한다.

Deep Reinforcement Learning

2. 큐함수의매개변수화 & 근사화

ଷ ଶ

: 매개변수
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(1) 문제: 팩맨은좌우로움직이는귀신 3마리를피해서딸기를
먹어야함

Deep Reinforcement Learning

3. Deep-SARSA

ଶ ଷ ସ ହ

଻ ଼ ଽ ଵ଴

ଵଷ ଵସ ଵହଵଵ

ଵ଻ ଵଽ ଶ଴ଵ଺

ଶଶ ଶଷ ଶସଶଵ
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(2) 복잡한순차적의사결정문제 MDP

사람도어떠한장애물을피할때정확하지는않아도물체가
내쪽으로오고있는지혹은멀어지고있는지, 그리고속도가
어느정도되는지알아야한다.

MDP를정의할때도에이전트가충분히잘학습할수있도록상태
정보를잘정의해주어야한다.

상태에들어가야하는정보: 도착지점의상대위치, 도착지점의
레이블, 장애물의상대위치, 장애물의레이블, 장애물의속도

장애물이 3개이므로 12 + 3 = 15개의원소를상태정보에반영!

Deep Reinforcement Learning

3. Deep-SARSA



(3) 딥살사에서는경사하강법(Gradient-Descent)을이용하여
뉴럴네트워크를업데이트함.

Deep Reinforcement Learning

3. Deep-SARSA

입력: 상태정보(15개의원소)

인공신경망

출력: 큐함수

오차

16



(3) 딥살사에서는경사하강법(Gradient-Descent)을이용하여
뉴럴네트워크를업데이트함.

௧ ௧ ௧ ௧ ௧ାଵ ௧ାଵ ௧ାଵ ௧ ௧

오학습을위한오차를정의해주어야함

MSE = ௧ାଵ ௧ାଵ ௧ାଵ ௧ ௧
ଶ

Deep Reinforcement Learning

3. Deep-SARSA

17



(1) 지금까지배웠던강화학습방법들은모두가치기반
강화학습(Value-based RL)임. 즉, 가치함수, 큐함수(행동가치함수)를
업데이트하며학습함

(2) 다른방법은없을까?

Deep Reinforcement Learning

4. Policy Gradient

18



(3) 정책기반강화학습은상태의가치함수가아닌상태에따라바로
행동을선택. 즉, 정책기반강화학습은정책을직접적으로근사함.

Deep Reinforcement Learning

4. Policy Gradient

19입력: 상태정보(15개의원소)

인공신경망

출력: 각행동을할확률(정책)

오차



(4) 정책기반강화학습에서는무엇을목표로학습을진행할까?

(5) 강화학습의목표는누적보상을최대로하는정책을찾는것!

(6) 즉, 정책신경망을사용하는경우정책신경망의계수(가중치, 
weight)에따라에이전트가받을누적보상이달라짐.

(7) 따라서정책기반강화학습에서는신경망의가중치가변수가됨.

Deep Reinforcement Learning

4. Policy Gradient

20



Deep Reinforcement Learning

4. Policy Gradient
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•정책 = ఏ

•목표함수 = : 누적보상과관련된인공신경망계수
•목표 = 

•목표함수를최대화하기위해경사상승법(Gradient Ascent)을사용

•이렇게목표함수의근사된정책을경사상승법으로업데이트하는
것을폴리시그레디언트(Policy Gradient)라고함.

௧ାଵ ௧ ఏ

Policy Gradient Methods for Reinforcement Learning with Function Approximation - Richard Sutton

ఏ ఏ గഇ ଴

గഇ

௦

ఏ

௔

ఏ గ



Deep Reinforcement Learning

4. Policy Gradient
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௧ାଵ ௧ ఏ

ఏ ఏ గഇ ଴

గഇ

௦

ఏ

௔

ఏ గ

(8) 즉, 가능한모든상태에대해각상태에서특정행동을했을때
받을큐함수의기댓값

(9) 에이전트가에피소드동안내릴선택에대한좋고나쁨의지표

గഇ
라는상태에에이전트가있을확률



Deep Reinforcement Learning

4. Policy Gradient
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ఏ గഇ

௦

ఏ

௔

ఏ గ

గഇ

௦

ఏ

௔

ఏ ఏ

ఏ
గ

గഇ

௦

ఏ

௔

ఏ ఏ గ

గഇ ఏ ఏ గ

기댓값

௧ାଵ ௧ ఏ ఏ గ



Deep Reinforcement Learning

5. REINFORCE
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௧ାଵ ௧ ఏ ఏ ௧

(1) REINFORCE알고리즘이란큐함수자리에반환값을사용한것

(2)오류함수(loss function)

(3) 오류역전파(Back Propagation)를통해크로스엔트로피를
줄이는방향으로가중치를업데이트했다면, 그업데이트값은
행동의좋고나쁨의정보를가지고있는반환값과곱해짐.

௜

௜

௜ ௜ ௜
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엔트로피 높다 더 불확실 하다

௑

௕

௜

௜

௜ ௜ ௜

크로스 엔트로피 낮다 ௜가 정답인 ௜를 고를 가능성이 높아진다.

Detour: Cross Entropy



Deep Reinforcement Learning

5. REINFORCE

26

-코드

http://bitly.kr/PgeEobT8WVFE



27

# 진단평가
1) 몬테카를로, 살사, 큐러닝의한계는?

2) Deep SARSA란무엇인가?

3) 정책기반강화학습에서는무엇을학습하는가?

4) REINFORCE란무엇인가?

5) 크로스엔트로피가낮은건무엇을의미하는가?

Deep Reinforcement Learning
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Deep Q-Networks (DQN)

1. Deep Q-Networks

29

• Playing Atari with Deep Reinforcement Learning

(Minh et al. NIPS Deep Learning Workshop, 2013.)에소개된내용

Q ௧ ௧ Q ௧ ௧
௔ᇱ

௧ାଵ ௧ ௧

•여기서 Q값을인공신경망을이용하여딥러닝방식으로구한것



Deep Q-Networks (DQN)

2. Cartpole

30

• OpenAI Gym에서제공하는실험환경



Deep Q-Networks (DQN)

2. Cartpole

31

1) 상태(state) : 카트의위치, 속도, 폴의각도, 각속도

= [

2) 행동(action) : 왼쪽(0), 오른쪽(1)

= [ ]

• Markov Decision Process (MDP)
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2. Cartpole

3) 보상(reward) : 카트폴이쓰러지지않고버티는시간

-예를들어, 10초를버티면보상은 +10

-여기선단위가초가아니라타임스텝

-최대 500타임스텝까지 버틸수있음. 보상은 +500

-중간에카트폴이쓰러지면 -100

• Markov Decision Process (MDP)

Deep Q-Networks (DQN)
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2. Cartpole

4) 감가율(discount factor) : Q함수에대한 discount

- 0.99

• Markov Decision Process (MDP)

Deep Q-Networks (DQN)
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3. 코드설명

Deep Q-Networks (DQN)

http://bitly.kr/e2VNQp0FHnM
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3. 코드설명
• Environments 

- CartPole-v0 과 v1의차이는최대타임스텝의 수 (각각 200, 500)

- state_size = 4 (카트의위치, 속도, 폴의각도, 각속도)

- action_size = 2 (왼쪽으로움직이기, 오른쪽으로 움직이기)

Deep Q-Networks (DQN)
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3. 코드설명
• Training

복사본을 만들어내고
agent라는 이름을 붙였다.

-클래스(class)란? 똑같은무언가를계속해서만들어낼수있는
설계도면 (예를들면제과점에서 과자를찍는틀)

- DQN 속성을가지는 agent를찍어내고 agent라는이름을붙임

-이때 agent를객체(object)라고부름

- DQN Agent ???
Class DQNAgent:

Agent = DQNAgent()

https://wikidocs.net/28

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

def __init__() : 클래스를 사용할 때
자동으로 실행됨

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

1) Detour : Epsilon Greedy Algorithm

-강화학습에서 정말중요한건최적값을위한탐험(exploration)

-탐험이잘이루어지지않는다면처음에하던행동만계속강화함

-예를들어처음폴을세울때 [ , ] 로가장오래버텼다면
그다음에피소드는 [ , ]를반복한뒤다음행동을함.

-이런식으로학습이진행되면안되기때문에학습초반에는 epsilon 
값을 1로줘서계속무작위행동을하게하고

- epsilon에 epsilon_decay값을계속곱해서 epsilon 값을작게한다.

-그렇게하면점점무작위행동빈도는줄고최적행동은늘어난다.

- epsilon 값은 epsilon_min이하로떨어지지않는다.

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

Deep Q-Networks (DQN)
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3. 코드설명

2) Detour : Replay Memory

• Training -> Agent

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

3) Detour : Target Network

States Hidden Layer Hidden Layer Hidden Layer

Q-values

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

3) Detour : Target Network

- ௧ ௧ ௧ ௧ ௧ାଵ
௔ᇲ ௧ାଵ

ᇱ
௧ ௧

- Q함수의업데이트는다음상태예측값을통해현재상태를예측

(부트스트랩방식)

-부트스트랩의문제점은업데이트목표가계속바뀜

-이를방지하기위해정답을만들어내는신경망을한에피소드동안
유지함

-즉, 타겟신경망을따로만들어서정답에해당하는값을구함

-그다음구한정답을통해다른인공신경망을계속학습시키며타겟
신경망은한에피소드마다학습된인공신경망으로업데이트함

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

Deep Q-Networks (DQN)
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3. 코드설명
• Training

#. 중간정리 & 자가진단

a. 클래스란? 필요한이유는?

b. Epsilon Greedy Algorithm이란? 필요한이유는?

c. Replay Memory란? 필요한이유는?

d. Target Networks란? 필요한이유는?

Deep Q-Networks (DQN)
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3. 코드설명
• Training

- scores : reward를한에피소드 e 마다저장하는변수

- reward 변수는계속바뀌기때문에편의를위해 scores변수를사용

- episodes : 에피소드번호를저장

- scores와 episodes를리스트(list)로선언하는이유는뒤에서그래프를
그리기위해서임.

- ex) scores: [ 43, 42, 88, 125, 44, …] / episodes: [0, 1, 2, …] 

Deep Q-Networks (DQN)
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3. 코드설명
• Training

Deep Q-Networks (DQN)
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3. 코드설명
• Training

- state = env.reset() : 학습을위한 state값초기화. 모양은 4

-학습의편의를위해 state의모양을 4 -> 1 x 4로변환함.

(뒤에서자세히설명함)

-모양이 4 : [1, 2, 3, 4]

-모양이 1 x 4 : [ [1, 2, 3, 4] ]

Deep Q-Networks (DQN)
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3. 코드설명
• Training

- done : 에피소드동안은계속 False. 에피소드가끝나면 True 

- while not done : done은 False, not done은 True. while True는무한반복

-무한반복하다가 done이 True로바뀌면빠져나오고다음에피소드진행

- render : True면학습영상 볼수있음. colab에선지원하지않는기능ㅠㅠ

(Pycharm!)

-현재 state에서 get_action함수를통해행동값을결정

- agent.get_action ???

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

- np.random.rand() : 0~1 사이임의의실수 1개

- self.epsilon : 아까말했던 Epsilon Greedy Algorithm의 epsilon 값

-즉, epsilon값이더크면무작위행동(왼쪽 or 오른쪽으로움직이기)

-그게아니라면계산한두개의 Q값들중더큰값을반환

Deep Q-Networks (DQN)
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3. 코드설명
• Training

-이렇게얻은샘플 <s, a, r, s’, done>을리플레이메모리에추가

-앞에말했던것처럼샘플 1000개가모이면학습시작

- train_model() ???

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent
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3. 코드설명
• Training -> Agent
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3. 코드설명
• Training -> Agent

Mini Batch

…

d

… … … …

S A R S’

… … … …

x’ ’x

… … … …

x’ ’x

States Next States

d

…

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent
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3. 코드설명
• Training -> Agent

Mini Batch

… d

…
…

…
…

S
A

R
S

’
d…

Mini_batch[i][0]

Mini_batch[i][1]

Mini_batch[i][2]

Mini_batch[i][3]

Mini_batch[i][4]

i++

… … … …

x’ ’x

States

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent
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3. 코드설명
• Training -> Agent

Detour : Target Network

- ௧ ௧ ௧ ௧ ௧ାଵ
௔ᇲ ௧ାଵ

ᇱ
௧ ௧

- Q함수의업데이트는다음상태예측값을통해현재상태를예측

(부트스트랩방식)

-부트스트랩의문제점은업데이트목표가계속바뀜

-이를방지하기위해정답을만들어내는신경망을한에피소드동안
유지함

-즉, 타겟신경망을따로만들어서정답에해당하는값을구함

-그다음구한정답을통해다른인공신경망을계속학습시키며타겟
신경망은한에피소드마다학습된인공신경망으로업데이트함

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent

Detour : Target Network

… …

target

… …

target_val

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent
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3. 코드설명
• Training -> Agent

… …

target

… …

target_val

1) If dones[i] == False / 즉, 한에피소드가아직끝나지않음

- else문으로들어감

Deep Q-Networks (DQN)



63

3. 코드설명
• Training -> Agent

… …

target

… …

target_val

2) If dones[i] ==  True / 즉, 한에피소드가끝났음

- If문으로들어감

Deep Q-Networks (DQN)
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3. 코드설명
• Training -> Agent
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3. 코드설명
• Training

Deep Q-Networks (DQN)
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3. 코드설명
• Training

Deep Q-Networks (DQN)
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3. 코드설명
• Result

Deep Q-Networks (DQN)
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1) 정책이터레이션 (정책평가 + 정책발전)

A2C = 정책이터레이션 +폴리시그래디언트

•정책평가:가치함수업데이트

Iteration k Iteration k+1

௦∈ௌ గ

௔∈஺

௦
௔

௞

Advantage Actor-Critic (A2C)
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•정책발전: 큐함수선택

௦∈ௌ గ

௔∈஺

௦
௔

௞

గ ௦
௔

గ

௔∈஺
గ

Advantage Actor-Critic (A2C)

A2C = 정책이터레이션 +폴리시그래디언트

1) 정책이터레이션 (정책평가 + 정책발전)
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2) 폴리시그레디언트

•정책발전: 큐함수선택
•정책평가:가치함수업데이트

௔∈஺
గ

௧ାଵ ௧ ఏ ఏ గ

Policy Networks

(Policy Improvement)

Value Networks

(Policy Evaluation)

q function approximation

Advantage Actor-Critic (A2C)

A2C = 정책이터레이션 +폴리시그래디언트
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2) Policy Gradient

A2C = Policy Iteration + Policy Gradient

•정책발전: 큐함수선택 (Actor)

•정책평가:가치함수업데이트 (Critic)

• Actor : 어떤 행동 할지 선택
• Critic : 어떤 행동이 좋았는지 알려주고 조절하게 함

௩ ௧ାଵ ௩ ௧ାଵ ௩ ௧ ௩ 

௧ାଵ ௧ ఏ ఏ ௩

Advantage Actor-Critic (A2C)
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Policy

Networks

Value

Networks

Input

Input
𝐯

approximation

approximation

Temporal-Difference 
error

feature vector of state
Back Propagation

Cross Entropy

X

Back Propagation

Advantage Actor-Critic (A2C)
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• Loss function 

= Cross Entropy of Policy Network output * q function (Value Network output)

ଶ
௧ାଵ ௩ ௧ାଵ ௩ ௧

ଶ

(for Value Networks )

Advantage Actor-Critic (A2C)



75

Advantage Actor-Critic (A2C)

-코드

http://bitly.kr/mwAFCjjrAjV
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Asynchronous Advantage Actor-Critic (A3C)

(1) 딥마인드의 DQN에서는리플레이메모리로 1,000,000 크기의
메모리를사용함. 

(2) 따라서메모리를많이차지하며학습이느린특징을가짐

1. DQN의단점?
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Asynchronous Advantage Actor-Critic (A3C)

(1)DQN처럼많은샘플을모으고샘플간의연관성을없애는게
아니라애초에에이전트를여러개사용

(2) 샘플을모으는각에이전트는액터러너(Actor-Learner)라고함

(3) 따라서서로다른액터러너가모으는샘플은연관성이떨어짐

(4) 이과정이비동기의형태로이루어지기때문에
Asynchronous라고함

(5) 각각의액터러너가모은샘플들로글로벌신경망을업데이트
하면서학습하는과정을거침

2. A3C
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Applications

Deep Reinforcement Learning
1. Wang et al., “Influence-based Multi-Agent Exploration,” ICLR, 2020
2. Dabney et al., “A Distributional Code for Value in Dopamine-based Reinforcement Learning,”
Nature, 2020
3. Lebensold et al., “Actor Critic with Differentially Private Critic,” NeurIPS, 2019
4. Jaderberg et al., “Human-Level Performance in 3D Multiplayer Games with Population-based
Reinforcement Learning,” Science, 2019
5. Derman et al., “A Bayesian Approach to Robust Reinforcement Learning,” UAI, 2019
6. Barati and Chen, “An Actor-Critic-Attention Mechanism for Deep Reinforcement Learning in
Multi-view Environments,” IJCAI, 2019
7. Liu et al., “Deep Reinforcement Active Learning for Human-In-The-Loop Person Re-
Identification,” ICCV, 2019
8. Wang et al., “Language-driven Temporal Activity Localization: A Semantic Matching
Reinforcement Learning Model,” CVPR, 2019
9. Dann et al., “Policy Certificates: Towards Accountable Reinforcement Learning,” ICML, 2019
10. Zhou et al., “Deep Model-based Reinforcement Learning via Estimated Uncertainty and
Conservative Policy Optimization,” AAAI, 2020
11. Byravan et al., “Imagined Value Gradients: Model-based Policy Optimization with
Transferable Latent Dynamics Models,” CoRL, 2019
12. Hasselt et al., “General Non-linear Bellman Equations,” RLDM, 2019
13. Zhang et al., “Feature Aggregation with Reinforcement Learning for Video-based Person Re-
Identification,” IEEE-TNNLS, 2019
14. Zhang et al., “Reconstruct and Represent Video Contents for Captioning via Reinforcement
Learning,” IEEE-TPAMI, 2019
15. Oh and Iyengar, “Sequential Anomaly Detection using Inverse Reinforcement Learning,”
KDD, 2019
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About me

Q & A

https://jeiyoon.github.io/

https://www.youtube.com/channel/UC5dx094F-Se1DMI1vvVJyRw
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• Genetic Algorithm

Appendix: Genetic Algorithm(GA) vs DP

기본적인컨셉은비슷

https://untitledtblog.tistory.com/110
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• On-Policy

• Off-Policy

Appendix: On-Policy vs Off-Policy

어떤게무조건좋다? 그런건없다.

행동하는정책과목표정책이동일. 하나의정책으로행동하고학습함

현재행동하는정책과는독립적으로학습. 즉, 행동하는정책과학습하는
정책을따로분리하여에이전트는행동하는정책으로지속적인탐험을하고
학습은따로목표정책을둔다.


